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Predictive Modeling of Co2 Methanation Reaction for 
Carbon Capture 
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TUBITAK Marmara Research Center, Gebze, Kocaeli, 41469, Turkey 

Abstract: Among various processes, catalytic CO2 methanation has emerged as a promising method 
for carbon capture and utilization. Therefore, a CO2 methanation reaction studied with 
experimentally. The extent of coke formation on the catalyst after the reaction was quantitatively 
studied. Then, four different machine learning model were employed in order to model CO2 
methanation process and to predict CO2, CO, CH4, H2 and N2 concentrations at outlet. The results 
of the machine learning models were consistent with the experimental data. Performances of the 
proposed regression methods are evaluated with 10-fold cross validation. Random forest and 
decision tree regression performed the best among other methods by achieving R >0.98 for the 
output concentrations and were able to outperform other modeling approaches. It was shown that 
the best result among the literature studies is reached in this study. The results have demonstrated 
the possibility of simulation of the methanation process via machine learning techniques. These 
techniques can be used control and optimization of carbon capture. 

Keywords: methane; carbon dioxide; modelling; artifical intelligence 
 

1. Introduction 

Reducing carbon dioxide (CO2) emissions is critical to addressing the global challenge of climate 
change. Among various processes, catalytic CO2 methanation has emerged as a promising method 
for carbon capture and utilization [1]. To address global warming, current policies encourage the use 
of carbon capture and storage (CCS) technologies. Properly controlled and optimized CO2 
methanation reactions can significantly contribute to carbon sequestration and reduce environmental 
impact. The carbon dioxide (CO2) methanation process is an important by-product of carbon capture 
and utilization technologies and holds promise for renewable natural gas (SNG) production. This 
process converts CO2 and hydrogen (H2) to methane (CH4), which is a valuable energy carrier and 
chemical precursor [2]. Power and gas technologies enable cooperation in energy sectors such as 
electricity, gas, heating and transportation. It also offers economic and environmental benefits to the 
energy sector due to its efficiency. In addition to capturing greenhouse gases and injecting them into 
the economy, they also use other forms of renewable energy. Methane (CH4), a valuable fuel and food 
substitute, reacts to form CO2 and hydrogen with ready transportation and distribution systems. 
Adding renewable energy to methane production increases the environmental impact of the process. 
Carbon dioxide methanation is also a way to store excess renewable energy and transport it through 
the existing natural gas infrastructure. However, optimization of the methanation process for large-
scale industrial applications is important. As research in this area continues, further advances in 
catalyst development and process optimization are expected, paving the way for more sustainable 
carbon management strategies and contributing to a more carbon neutral energy system [3]. Machine 
learning techniques have been increasingly employed to analyze and predict CO2 conversion in this 
process. Yılmaz et al. [1] utilized a comprehensive dataset to develop a random forest model, 
successfully predicting CO2 conversion based on various catalyst properties and reaction conditions. 
Similarly, Dashti et al. [4] investigated CO2 methanation, incorporating metallic promoters to enhance 
catalyst performance. Their genetic programming model effectively estimated CO2 conversion and 
CH4 selectivity. 
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Further advancements in CO2 hydrogenation catalysts have been explored through data science 
and machine learning. Fedorov and Linke [5] collected and analyzed CO2 hydrogenation catalyst data 
using the Anderson-Schulz-Flory distribution, revealing key factors affecting selectivity. Ngo and 
Lim [6] proposed a physics informed neural network model for simulation of fixed bed reactor, 
achieving accurate CO2 methanation predictions. Suvarna et al. [7] presented a machine learning 
framework for predicting methanol yield, highlighting the significance of descriptors like metal 
content and space velocity. 

Theory-guided machine learning has been applied to noble metal catalyst performance in the 
water-gas shift reaction [8]. This approach integrates physical and chemical properties to achieve 
accurate predictions while adhering to thermodynamic principles. Pérez et al. [9] introduced a novel 
microstructured reactor design, offering improved performance in exothermic reactions like the 
Sabatier process. Shen et al. [10] focused on methanation optimization, developing a supervised 
learning based on an extreme learning machine algorithm, demonstrating accurate CO2 conversion 
rate predictions. 

Furthermore, machine learning has been employed for adsorbate binding energy predictions on 
metal surfaces [11]. Praveen and Comas-Vives [11] designed a unified algorithm to forecast various 
adsorbates binding energies on different facets of transition metals, with potential for broader 
applications. 

In this study, we delve into the predictive modeling of CO2 methanation reactions for carbon 
capture applications. By utilizing a dataset of experimental results of CO2 methanation study, we aim 
to develop a robust predictive model that can effectively predict CO2, CO, CH4, H2 ve N2 
concentrations. Our approach will take into account a number of influencing factors such as gas 
velocities, reaction temperatures, pressures, and H2/CO2 ratios. The developed predictive model 
holds the potential to guide the design and optimization of catalytic systems for CO2 methanation, 
ultimately contributing to more efficient and sustainable carbon capture strategies. 

2. Data Collection and Experimental Procedure 

The methanation test set-up for the production of methane, a valuable product resulting from 
the capture and use of CO2, currently the most promising and popular technology, is shown in Figure 
1. The input gases required for methane production from CO2 are CO2 and H2. 

 
Figure 1. Schematic diagram of the CO2 methanation process. 

The methanation of CO2 is an exothermic catalytic reaction and is typically operated at 
temperatures between 250°C and 4000°C [12] depending on the catalyst used: 
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CO2 + 4H2 ⇆ CH4 + 2H2O      ΔHR  = −165 kJ/mol (1)

The methanation reaction was performed at experimental set-up in a fixed bed stainless steel 
216 reactor with an inner diameter of 10 mm shown in Figure 2. This reactor was fixed upright inside 
Nabertherm NB300 furnace and a thermocouple was embedded into the center of catalyst bed to 
measure the temperature during the reaction.  

Catalyst testing for activity were performed by using 0.5 grams of catalyst particles with 50–150 
microns. Then 0.5 g of quartz particles of the same size range were added in equivalent volume to 
avoid localized heating. The desired gas compositions from ALICAT MFCs were adjusted and fed to 
the system according to the reaction conditions. Before the reaction, calcined catalysts were treated 
for reduction with a gas mixture composed of 10v%H2 -90v %N2 at 350 ⁰C for 4 h under atmospheric 
pressure [13].  

Figure 2. CO2 Methanation experimental set-up. 

The product gas was quantitatively analyzed every 30 min by an on-line (Agilent, 7820A GC) 
gas chromatography equipped with a TCD detector and a Carboxen column. Methane and other 
hydrocarbons were detected by a flame ionization detector (FID) with Alumina S column. 

Subsequently, the catalysts whose performance was measured in the GC test analysis system 
were tested on three different parameters. Experiments were carried out by changing the pressure, 
temperature and flow parameters from the reaction conditions. Conditions of 200 oC, 250 oC, 300 oC 
and 350 oC for temperature, 0.08, 0.16, 0.32 and 0.64 for flow and 1, 3, 5 and 10 bar for pressure were 
applied (Table 1).     

Table 1. Reaction conditions. 

Pressure (bar) Temperature (oC) Flow (L/min) 
1 200 0.08 
3 250 0.16 
5 300 0.32 
10 350 0.64 

3. Characterization Analysis 

The elementary compositions of samples were determined using a; Thermo Scientific, ARL 
PERFORM’X Sequential PFX-374 analyzer used as X-ray source. 

A quantitative analysis of the coke amount on the used catalyst was performed with a 
thermogravimetry analyzer (TGA, Perkin Elmer Pyris1). Thermogravimetric analyzes are performed 
in a one-step temperature program. Heating is 900 oC with a heating rate of 10°C/min under 30 
mL/min air flow. Approximately 10 mg of sample is used for TGA analysis. 
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The physical structure of the surface of catalyst was studied by scanning electron microscopy 
(SEM, JEOL-6390LV). The samples were coated with a Pd-Au mixture prior to analysis. SEM analysis 
method is an important technique for surface topography studies. In this analysis method, it provides 
information about the shape, size, position and morphology of metal particles on the support surface. 

There are many commercially available catalysts that are utilized to produce methane from 
syngas. The content of one of them, was determined by XRF characterization analysis (Table 2). As 
can be seen from the XRF analysis results in Table 2, most of the commercial catalyst structure consists 
of nickel oxide. Apart from this, Al2O3, SiO2, MgO, CuO, La2O3 etc. metal salts are also present in the 
structure. 

Table 2. XRF analysis results. 

Compounds % Content Compounds % Content 

NiO 70.58 MoO3 0.0068 
Al2O3 11.47 Tb4O7 0.0067 
SiO2 08.69 K2O 0.0064 
MgO 5.4 ZrO2 0.0053 
CuO 1.5 IrO2 0.0053 
La2O3 1.23 Sc2O3 0.0048 
Ho2O3 0.571 Ga2O3 0.004 
Fe2O3 0.104 Cr2O3 0.004 
CaO 0.0923 SnO2 0.0037 
Na2O 0.0669 Au 0.0033 
ZnO 0.0484 CeO2 0.0022 
BaO 0.0452 RuO4 0.0021 

Dy2O3 0.0411 Tl2O3 0.0017 
S 0.0286 SeO2 0.0013 

TiO2 0.0207 Br 0.00084 
P2O5 0.0188 SrO 0.0005 
Y2O3 0.0178 PbO 0.0004 
Ag2O 0.0134 ThO2 0.0004 
Re2O7 0.0083 GeO2 0.0003 

To explore the presence of carbon deposits on the catalyst's surface, TGA and SEM analyses were 
performed on spent catalysts.  

The extent of coke formation on the catalyst after the reaction was quantitatively studied by TGA 
in an oxidative atmosphere, and the results are shown in Figure 1. Figure 1 shows that there was no 
significant weight loss due to the C-formation. From the TGA analysis of the used catalyst, no clear 
evidence of carbon on the catalyst was found. This result indicates that the catalyst has the high 
resistance to the formation of coke. 

The fresh and used catalysts were characterized with scanning electron microscopy. Figure 2 (a–
f) illustrates the results of scanning electron microscope of the same samples. The coke formation that 
is expected to occur in catalysts containing Ni particles is the formation of fibrous carbon. Between 
the Ni particles and the support, fibrous carbon forms and grows, which leads to clogging of the 
catalyst pores [14].  Figure 2 (d,e,f) SEM images show that the surface of the spent catalysts is almost 
smooth. The surface properties of used catalysts are very similar to those of fresh catalysts. Any 
fibrous structure is not observed on the surface. 

Another distinctive characteristic observed in the SEM micrographs is the prevalence of bright 
areas is indicator of exposed nickel metal. Figure 2, the SEM images of fresh (b) and spent (e) catalysts 
at the same magnification ratios show similar intensity of bright areas. This indicates that the exposed 
active nickel surfaces have similar amounts and are not affected by coke formation [15]. 

The SEM and the TGA results confirmed each other and according to these results zero coke 
formation was recorded for this catalyst. 
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Figure 1. Thermogravimetric profile of used catalyst. 

 
Figure 2. SEM of the fresh catalyst (a) 3kx, (b) 5kx, (c)10kx.  SEM of the spent catalyst (d) 3kx, (e) 5kx, 
(f)10kx. . 

The hydrogen consumption versus time graph was generated with the data obtained (Figure 3). 
It was observed that the reduction was complete. 

0

10

20

30

40

50

60

70

80

90

100

0 200 400 600 800 1000

W
ei

gh
t L

os
s(

%
)

Temperature (oC)

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 September 2023                   doi:10.20944/preprints202309.0539.v1

https://doi.org/10.20944/preprints202309.0539.v1


 6 

 

 
Figure 3. Hydrogen consumption in CO2 methanation. 

4. Methods  

4.1. Decision Tree Regression (DTR)  

A decision tree is a mostly employed technique in machine learning for creating predictive 
models based on simple logical statements [16]. The fundamental decision tree structure involves a 
starting point (root node), intermediate points (internal nodes), and end points (terminal nodes) 
[17,18]. In the context of predicting continuous variables rather than categorical ones, Decision Tree 
Regression (DTR) is utilized. DTR progressively divides the dataset into smaller groups to achieve 
better uniformity within these groups. Subsequently, it aims to minimize predictive errors within 
each of these divisions. This process ultimately generates predictions for continuous output variables 
through logical rules. In decision tree algorithms, the arrangement of these groups is determined by 
evaluating the information gain for all feasible groupings and selecting the grouping with the highest 
information gain to serve as the root node, as described in Equation (2) [19]. 𝐺𝑎𝑖𝑛 (𝐶, 𝐴) = 𝑆(𝐶) − ∑ |஼ೇ||஼| 𝑆(𝐶௩)௩∈஺   (1)

In the given equation, where C represents the cluster set, A denotes the attribute, and S(C) stands 
for the entropy of cluster set C. The primary strength of Decision Tree Regression (DTR) over 
alternative modeling methods lies in its capability to generate a model that is expressed as a collection 
of logical rules and expressions. Moreover, it can effectively handle scenarios involving multiple 
output targets. Furthermore, it possesses the advantage of being easily comprehensible and 
interpretable, allowing for visualization of the tree structures [20]. Notwithstanding these 
noteworthy qualities, decision trees come with certain drawbacks. They are not designed to 
accommodate outputs reliant on more than one feature, they can produce somewhat inconsistent 
outcomes, they exhibit high sensitivity to minor alterations in test data, and they tend to generate 
intricate tree configurations when dealing with numerical datasets [17]. 

The evolution of utilizing decision trees in classification and estimation involves the creation of 
a decision tree model based on training data, the assessment of this model using test data and 
appropriate evaluation criteria, and the application of the resultant model to predict future values 
[18]. 

4.2. Random Forest Regression 

The method of random forest regression (RF) entails the fitting of numerous classification trees 
to a given dataset. Subsequently, the predictions generated by these individual trees are 
amalgamated to construct a final predictive model, as explained by Golden et al. in 2019 [21]. Unlike 
a solitary model, the random forest approach leverages the combined predictions of multiple models 
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to yield more robust and broadly applicable outcomes. Various ensemble techniques, including 
bagging and boosting, involve the utilization of multiple classifiers in a single classification task. 
These approaches amalgamate the outputs of these classifiers through methods such as voting or 
averaging to enhance predictive efficacy. Bagging, or bootstrap aggregation, is one ensemble method 
that entails training multiple models independently and concurrently. The resulting predictions are 
then combined to establish an averaged model, as elaborated by Soni et al. in 2021 [22]. Boosting, on 
the other hand, is a distinct ensemble method involving the sequential and adaptive training of weak 
learners to enhance the predictions of a learning algorithm. Within the context of the RF method 
discussed in this study, the least-squares boosting algorithm was employed. This algorithm involves 
fitting the residual errors of individual weak learners to achieve superior performance. 

4.3. Gaussian Process Regression  

GPR represents a machine learning technique. This specific algorithm is kernel-centered, not 
relying on fixed parameters, and has a foundation in probability [23]. Regression models utilizing 
Gaussian processes are entirely rooted in probability, adaptable, and straightforward to employ, 
leading to their widespread use across various applications. However, its drawback lies in its 
effectiveness being constrained to a relatively small number of cases, usually no more than a few 
thousand. This limitation stems from the rapid increase in computational and memory demands, 
growing cubically and quadratically with the number of training cases, respectively [24]. 

A Gaussian process is fully defined by its mean function, denoted as m(x), and covariance 
function, represented as k(x, x'). These functions describe a real process f(x), as shown in Equation (3) 
[25,26]. When appropriately scaled, the mean function m(x) can often be set to zero [25,27]. 𝑓(𝑥) ~ 𝐺𝑃(𝑚(𝑥), 𝑘(𝑥, 𝑥ᇱ)) (3)

An algorithm for application of GPR is as follows [25]: 
1. Input: X (inputs), y (targets), σ2 (noise level), x* (test input). 
2. 𝐿 ∶ =  𝑐ℎ𝑜𝑙𝑒𝑠𝑘𝑦 (𝐾 + 𝜎ଶ𝐼) 
3. α : = LT\(L\y) 
4. 𝑓 ∗ : = 𝑘∗் α 
5. 𝑣 ∶ =  𝐿\𝑘 ∗ 
6. 𝕍 [𝑓 ∗] ∶ =  𝑘(𝑥 ∗, 𝑥 ∗) − 𝑣்𝑣 
7. 𝑙𝑜𝑔൫𝑝(𝑦|𝑋)൯ : = − ଵଶ 𝑦்𝛼 − ∑ 𝑙𝑜𝑔(𝐿௜௜)௜ − ௡ଶ  𝑙𝑜𝑔(2𝜋) 

8. Return: 𝑓 ∗ (𝑚𝑒𝑎𝑛), 𝕍[𝑓 ∗] (𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒), 𝑙𝑜𝑔(𝑝(𝑦|𝑋)) (log marginal likelihood) 

4.4. Support Vector Machines 

Support Vector Machines (SVM) have gained popularity in the realm of machine learning due 
to their non-parametric structure and incorporation of kernel functions. Among SVM techniques, 
SVM stands out as a method tailored for predicting continuous variables. Differing from polynomial 
regression and Artificial Neural Networks (ANNs), SVM models are trained by minimizing the 
bound on generalization error, as opposed to prediction error [28]. Thus, SVM models prioritize 
achieving optimal generalization performance. 

The fundamental principle of SVM involves mapping data to a higher-dimensional feature space 
using a kernel function. Within this space, an optimal hyperplane is sought, aiming to minimize a 
chosen cost function [29]. Consequently, SVM conducts linear regression within an expanded 
dimensionality using a kernel function (denoted as K) as depicted in Equation (4). 

In contrast, ANNs possess a distinctive capability to predict multiple output variables using a 
single model. In the context of this study, where the dataset contains four features and four 
corresponding output variables, a singular ANN model was devised. This model comprises two 
hidden layers, each containing nine neurons, as illustrated in Figure 1. The hidden layers employ 
sigmoid activation functions, while the output layer employs a linear activation function. The 
training of the neural network involves adjusting connection weights to minimize the disparity 
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between predictions and actual outputs, with the widely used backpropagation algorithm employed 
for this purpose [30]. 

   𝑇𝑜𝑝 𝑜𝑓 𝐹𝑜𝑟𝑚 𝑦̂ =  ∑𝛽𝑖 ∗  𝐾( 𝑛 𝑖 = 1 𝑥𝑖 , 𝑥) +  𝑐 (4)

In the given context, the symbols 𝛽𝑖 and 𝑐 represent constant coefficients, while ( , 𝑥) stands for 
the kernel function. Within this study, a kernel function in the form of a second-degree polynomial 
(as indicated by Equation 5) was employed. This specific kernel was chosen due to the limitations 
observed with linear and Gaussian kernels in capturing the intricacies of the problem at hand. Both 
linear and Gaussian kernels exhibited insufficient predictive capabilities, prompting the exploration 
of alternative kernels. 

While the use of third-degree or higher polynomial kernels could potentially enhance 
performance, their adoption was deemed impractical due to substantial computational overhead. The 
marginal performance gain achieved by these higher-degree kernels did not justify the extensive 
training time they demanded. 

Throughout the training phase of the models, the epsilon-insensitive cost function (expressed 
through Equations 6 and 7) was utilized and subsequently minimized. 

  Top of Form 

  (𝑥𝑖 , 𝑥) = (𝑥𝑖 ′𝑥 +1) 2 (5)𝐿ℰ = ቄ ଴|௬ି௬ො|ିℰ                   ௜௙  |௬ି௬ො|ஸℰ ௢௧௛௘௥௪௜௦௘         (6)𝐽 =  ∑ 𝐿ఌ(𝑦ෝ𝑖 , 𝑦௡௜ୀଵ  ) +  ఒଶ |𝑤|ଶ  (7)

4.5. Validation Method: K-fold Cross Validation (KCV) 

Cross-validation methods are used to objectively evaluate the performance of a prediction 
model. K-fold cross-validation (KCV) is a highly preferred cross-validation technique due to its use 
of the entire data set [31]. In KCV, the data is divided into k equally sized partitions (folds). The 
candidate model is then trained on training folds and evaluated on the remaining test fold [32]. This 
process is repeated k times with a different fold as the test set each time, ensuring that all data is used 
for both training and testing. In this study, 'K' is chosen as ten because it has been shown to reflect 
the most unbiased generalization performance of the models compared to other choices. This 
approach reduces variance by using 10 different partitions, and the performance estimate is less 
sensitive to the random partitioning of the data compared to other cross-validation methods [33]. 

 
Figure 4. The principles of k-fold cross validation. 
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5. Results & Discussion 

All prediction models are trained to predict CO2 methanation output concentrations and their 
performances are evaluated according to their test performance in 10-fold cross validation technique. 
R-squared (R²) is a statistical measure that represents the proportion of variance in the dependent 
variable (outcome) that's explained by the independent variables (predictors) in a regression model. 
It is also called the coefficient of determination. R-squared is used to assess the goodness of fit of a 
regression model and how well the model's predictions match the actual observed data. Adjusted R2 
shows how well the terms fit a line, but adjusts for the number of terms in a pattern. Root mean 
square error (RMSE) measures the average difference between a statistical model's predicted values 
and the actual values. Normalized Root Mean Square Error (NRMSE) calculates relative error 
between predicted and observed values [34]. Absolute Average Error (AAE) is a measure of the 
average size of the mistakes in a collection of predictions, without taking their direction into account. 𝑅ଶ = 1 − ቈ∑ (𝑦௜ − 𝑦ො௜)ଶ௠௜ୀଵ∑ (𝑦௜ − 𝑦ത௜)ଶ௠௜ୀଵ ቉ (8)

𝐴𝑑𝑗. 𝑅ଶ = 1 − ቂ൫ଵିோమ൯∗(௠ିଵ)௠ି௡ିଵ ቃ    (9)

𝑅𝑀𝑆𝐸 = ට∑ (௬೔ି௬ො೔)మ೘೔సభ ௠    (10)

𝑁𝑅𝑀𝑆𝐸 =  ඨ∑ ൫೤೔ష೤ෝ೔൯మ೘೔సభ ೤ෝ೔௠     
(11)

𝐴𝐴𝐸 = ଵ௡ ∑ |𝑥௜௡௜ୀଵ − 𝑥|  (12)

When analyzing the data in Table 3, the R2 value indicating linearity is expected to be closest to 
1 and the RMSE value indicating the error rate is expected to be the smallest. Looking at Table 3, it is 
seen that the RF method is the closest to 1 with an R2 value of 0.987 for CO2 data. This is supported 
by the smallest RMSE value of 0.526. The RF method was determined to be the most appropriate 
method for CO2 conversion data. When the H2 conversion data is analyzed, it is seen that the RF 
method has the closest R2 value to 1 with 0.987.  Although the error rate of 2.292 is very large, it is 
the smallest among the RMSE values and the most appropriate method is determined as RF method. 
In N2 data, the closest R2 value to 1 is seen in the DT method with 0.986. The smallest RME value is 
1.392, supporting the selection of DT as the most appropriate method. In the CH4 data, the largest R2 
value is seen in the DT method and this is supported by the RMSE value of 1.640. As a result, RF 
method selection in CO2 and H2 data, DT method selection was determined as the most suitable for 
processing N2 and CH4 data. 

Table 3. Machine learning results. 

  R2 aR2 RMSE NRMSE AAE 

CO2 

RF 0.987 0.986 0.526 0.068 0.033 
DT 0.985 0.985 0.552 0.073 0.039 
SVM 0.825 0.821 1.900 0.242 0.176 
GP 0.950 0.948 1.020 0.142 0.096 

H2 

RF 0.987 0.987 2.292 0.110 0.056 
DT 0.985 0.984 2.539 0.093 0.057 
SVM 0.818 0.813 8.708 0.451 0.287 
GP 0.929 0.927 5.430 0.314 0.191 

N2 

RF 0.975 0.975 1.836 0.047 0.028 
DT 0.986 0.986 1.392 0.039 0.026 
SVM 0.789 0.784 5.384 0.172 0.136 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 September 2023                   doi:10.20944/preprints202309.0539.v1

https://doi.org/10.20944/preprints202309.0539.v1


 10 

 

GP 0.918 0.916 3.351 0.086 0.069 

CH4 

RF 0.980 0.980 1.750 0.909 0.355 
DT 0.983 0.982 1.640 1.448 0.675 
SVM 0.807 0.802 5.485 33.617 10.743 
GP 0.929 0.927 3.322 3.866 1.754 

When Figure 5 is analyzed, it is seen that the data in SVM and GO methods are too much out of 
the line. The data outside the line are more than the data in RF and DT methods. It is also seen that 
there is clustering in the data in DT, SVM and GP methods. This proves that these models are more 
inappropriate than RF. For these reasons, it is decided that RF is the most appropriate model. 

  

  

Figure 5. The observed vs. predicted gas concentrations (a)RF (b)DT (c)SVM (d)GP. 

When Table 4 is examined, R2 values close to 1 are important for the accuracy of the data. In the 
4th research article, it is seen that the train R2 value is smaller than the test R2 value. This situation is 
far from reality. Although there is a lot of data in research articles 1 and 7, it is seen that the R2 values 
of the tests are far from 1. In research paper 10, the number of data is close to the number of data in 
this study, but it is seen that it does not reach the R2 value we have reached. Among the R2 values in 
the literature studies, this study has the closest R2 value to 1.  It is seen that the best result among the 
literature studies is reached in this study. 

Table 4. Comparison with the best performing algorithms in the literature. 

Data Size  Prediction model  
Validation method (Test/ 
Train)  

RMSE R2   Ref. no  

4051 Random forest (RF) 80/20 
6.4 
12.7 

0.97 (train) 
0.85 (test) 

[1] 

136 
Genetic programming 
(GP) 

85/15 - 
0.94 (train) 
0.95 (test) 

[4] 
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1425 
Extreme gradient 
boost (XGB) 

85/15  0.09 
0.98 (train)  
0.88 (test) 
 

[7] 

4360 XGBoost 10-fold cross-validation 7.27 0.95 [8] 

93 
Extreme learning 
machine (ELM) 

5 Times Repeated Hold 
out 90/10 

0.18 0.87 [10] 

116 Random Forest 10-fold cross-validation 0.53 0.99 This Study 

6. Conclusions 

SEM and TGA techniques were used to both qualitatively and quantitatively analyze the 
presence of carbon deposition. From the TGA graph the spent catalyst displayed no weight loss in 
the spent catalyst, indicating an absence of coke. TGA and SEM results confirmed each other and 
according to these results zero coke formation was recorded for this catalyst. 

The RF method was the most successful method with an R2 value of 0.987 for CO2 data. The 
method was also successful to predict other gas concentrations. The results were compared with the 
literature. It is seen that the best result among the literature studies is reached in this study. With this 
study, we show that the use of machine learning methods is capable of predicting output 
concentration of CO2 methanation process. The RF methods have a low computational requirement 
to make predictions once it is trained. Therefore, this study offers more flexibility in controlling and 
optimizing conversion of CO2. 
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